This paper describes a new automatic method for detecting defects in ball bearings. The detection of defects is currently carried out by inspectors who listen to vibration signals obtained by a vibration pick-up in the Anderon meter. The pick-up is attached to the outer ring of a ball bearing while the inner ring rotates at a uniform speed. Several methods have been proposed so far for the automatic detection of flaws. These methods are based on the periodicity of vibration pulses excited by flaws. However, the periodicity of vibrations is not always guaranteed when (a) there are slight flaws on the surface of the race, (b) there are flaws on the surface of balls, and (c) there is dust in the grease. However, we have developed a new method, by which the non-periodic resonant vibrations due to both slight flaws and dust are detected. We have applied this new method to the detection of these defects in small-sized ball bearings; the defects were detected with an 98 % accuracy rate.
INTRODUCTION
When ball bearings which have flaws on the surface of the ball or races or dust in the grease are used to support the spindle of the head or the capstan in a video tape recorder, such defects debase the quality of the played-back picture.
Therefore, currently at the final step in the manufacturing process, inspectors check the bearings, one by one, by listening with headphones to the vibration signal which is the output of a pick-up attached to the Anderon meter.1) This method, however, has its drawbacks; it requires a great deal of time to train a person to be a good inspector.
In addition, an inspector in poor health, physical or otherwise, may make mistakes in the detection of defects.
Accordingly, because of these limitations, several methods have been proposed for the automatic detection and classification of the defects in ball bearings.") The defects in bearings are detected by these present methods when the flaws generate periodical vibration signals, since the period is calculated from the shape of a bearing. However, the periodicity of the vibration is not always guaranteed when (a) there are slight flaws on the surface of the race, and (b) when flaws are on the surface of the balls. When there are slight flaws on the surface of the race, the ball does not always come into contact with the flaws since the pathway on which the balls have contact with the race changes every moment. In the case of flaws on the surface of balls, the race does not always contact with the flaw on the ball since the balls do not always roll regularly. Another problem arises if dust is mixed in the grease: the periodicity of the resonant vibration driven by the dust is not also guaranteed. Therefore, we have developed a new diagnostic method for the automatic detection of the resonant vibration due to flaws on the surface or dust in the grease. This method is based on the assumption that the signal to be analyzed is a non-periodic one.
In this paper, we first discuss the problems inherent in the conventional methods which are applied to the detection of the resonant vibrations due to defects. Next, we propose a new method, by which the driving pulse sequence x(n) due to the defects is estimated, and it is found that the amplitude of the estimated impulse sequence x(n) is in proportion to the 6/5-th power of the mechanical size of surface defects. Finally, it is proved by our experiments that the defects can be detected with the accuracy rate of 98 %. 
Application of the Linear Predictive Analysis
The linear predictive analysis has been applied to the analysis of an exponentially decaying sinusoidal signal.4) To detect the resonant vibrations due to defects by this method, the following three assumptions must be satisfied :
(a) The mechanical excitation caused by a defect is expressed by a unit impulse, where (b) The repetition interval of a pulse sequence x(n) of mechanical excitations is so long that the response to the previous excitation impulse sufficiently decreases before the next excitation.
(c) The transfer function from the mechanical excitation to the resonant vibration, which is detected by the pick-up on the outer ring, is represented by an all pole model 1/A(z).
If the above three assumptions are satisfied, all pole model 11 A(z) can be identified by using the linear predictive analysis. In addition, the pulse sequence x(n) of mechanical excitations can be obtained by using the inverse filter A(z).
However, when the configuration of flaws on the surface of the race is complicated, the mechanical excitation is expressed by multi-pulses and the second assumption is not satisfied. Thus, the linear predictive analysis cannot be applied to the vibration analysis in such a case.
Use of a Band-Pass Filter
The signal-to-noise ratio can be improved by extracting only the frequency components around the central frequency of the resonant vibration using a band-pass filter. However, the use of a band-pass filter involves the following two problems :
(a) The amplitude of a band-passed signal does not correspond to the mechanical size of defects as described later in Chapter 5.
(b) It is difficult to select a single narrow-fre-quency-band with which the defects are successfully detected. The reason is described in detail here. The vibration signal y(t) obtained by the pick-up is expressed by the convolution between the resonant vibration h(t) and the pulse sequence x(t) of mechanical excitations as follows : shown in Figs. 2 (a-3) and 2 (b-3), respectively. The power spectra of the vibration signals y1(n) and y2(n) are shown in Figs. 2 (a-2) and 2 (b-2), respectievly. Since the characteristics of the resonant vibration h(n) is the same for both y1(n) and y2(n), the difference between y1(n) and y2(n) depends on the configuration of the flaws. It is difficult to select a single narrow-frequency-band with which a high signal-to-noise ratio is obtained because the frequency spectrum spread onto a broad frequency band as shown in Figs. 2 (a-2) and 2 (b-2). The difference between these frequency spectra is caused by the difference between the excitation pulse train generated by the flaws on the surface shown in Fig. 2 (a-3) and 2 (b-3). Therefore, an improvement in the detection of defects by an improvement in signal-tonoise ratio cannot always be expected by simply passing the signal through a band-pass filter.
ESTIMATION OF POLES BY USING TWO-PULSE MODEL
We propose a new method of estimating the pulse sequence x(n) excited by the surface defects using the vibration signal y(n). If the resonant vibration h(n) has been already estimated, the sequence x(n) can be calculated from the vibration signal y(n) since y(n) is expressed by the convolution of the sequence x(n) and the resonant vibration h(n).
Therefore, h(n) should be estimated first. This chapter describes the method of identifying the resonant vibration h(n). By this method, h(n) is estimated from the vibration signal y(n) excited by the flaw with a simple configuration as shown in Fig. 2 
(a-3).
Using h(n) thus obtained, the pulse sequence x(n) is estimated by inverse-filtering the vibration signal y(n) using h(n)-1, where
The estimated sequence x(n) is found to correspond to the mechanical size of surface defects as described later in Chapter 5.
The surface defects of the ball bearing are diagnosed using the amplitude of the sequence x(n).
Estimation of the Resonant Vibration h(n) Using
the Two-Pulse Model Figure 2 (a-1) shows a part of the vibration signal y(n) caused by a flaw with a simple configuration on the inner ring. The cross-sectional view of the flaw is shown in Fig. 2 (a-3) . This part of the vibra-tion y(n) is represented by the sum of two resonant vibrations driven by two impulses ƒÂ(n-ƒÑ1) and
The two impulses are excited when a ball comes into contact with the flaw on the inner ring and hits the inner ring and the outer ring, respectively. As reported in a previous investigation,^) the resonant vibration h(n) is expressed by an all pole model. Therefore, the modeled vibration signal y(n) driven by the two pulses is expressed as a linear combination of M complex exponentials as follows : ( 3 ) where um1 and um2 are complex coefficients, umk* the complex conjugate of umk, U (n) a unit step function, a real constant (representing the bias term), and 
In a practical case, the observed signal y(n) must be used instead of P(n) in Eq. (8) . Then, y(n) is represented as follows:
where e(n) is the residual error. If the above model shown in Eq. (3) just represents the vibration signal y(n), the error e(n) are equal to zero for the periods and ƒÑ2 + 2M< n. Therefore, the co- takes the minimum value (See Fig. 3 ).
where N is the length of the time window in which the squared error is calculated, and min(p, q) represents the minimum value, p or q. N is set so that the following conditions are satisfied: N> 2M and N< L, where L is the interval from one mechanical excitation to the next one. Here, the following three functions are introduced: 
Here, since bias is very small in real applications, b2 can be negligible in Eq. (13). Let the variable d: (15) and since a0 = 1, the set of ( 2M+ 1 Figure 4 (b-1) shows the wave form of the modeled vibration signal y(n), which is obtained by expressing the original vibration signal y(n) shown in Fig. 4 (a) by the two-pulse model where the number 2M of poles is set to 2. Figures 4 (b-2) and 4 (b-3) show the positions of the identified poles : z0 and z0* in the zplane and the complex coefficients : (u1, u2), respectively. Figure 4 (c) shows the modeled vibration signal (n) obtained by expressing the original Fig. 4 Experimental results using the twopulse model. (a) the vibration signal y(n) due to a flaw (see also Fig. 2(a-1) ), (b-1) predicted vibration signal 5)(n) by the twopulse model, (b-2) poles z0 and z0* in the z-plane, (b-3) initial phase coefficients u1 and u2 in the z-plane, (c) predicted vibration signal .y'(n) by the one-pulse model. the noise n(n) and the error e(n; 2M) which occurs by using the 2M-order two-pulse model as follows : the power distribution of these 27 signals, which shows almost the same distribution as that of the residual errors v(n) shown in Fig. 7 (b) . This means that the original vibration signals are well matched by the two-pulse model (order : 2M= 2).
Inverse Filtering
Since the z-transform of the resonant vibration h(n) is expressed by an all pole model, z-transform of the ideal response (n) = (n) -b is expressed as follows : (23) where Y(z), X(z) and 1/A(z) represent the z-transform of An), x(n) and h(n), respectively. By multiplying both sides of Eq. (23) by A(z), the following equation is obtained :
In the time domain, Eq. (24) can be equivalently 
Using the predictive coefficients {aj} calculated by the average poles 10 as shown in Fig. 6 , an inverse filter h(n)-1 is obtained by letting h(j)-1 be equal to aj. By convoluting h(n)-1 with the vibration signal y (n), the driving pulse sequence x (n) is estimated. Since the resonant vibration is determined only by the size and the material of the bearing parts, the inverse filter h(n)-1 obtained above is the same as those of the other bearings with the same sizes and the same materials. Figure 8 shows an estimated driving pulse sequence x(n) obtained by the convolution between the inversefilter h(n)-1 and the vibration signal y(n) shown in Fig. 4 (a) . Two main impulses of opposite signs are observed in this figure. 
ESTIMATION OF THE FLAW SIZE
In this chapter, we describe the relation between the size of a flaw and the estimated impulse sequence x(n). The collision of a ball with the flaws on the race is described by the model6) shown in Fig. 9 . When a revolving ball arrives at the edge A of the flaw, the ball rotates around the fulcrum A, and the ball hits the other edge B of the flaw. The velocity Vb of the collision at the edge B is represented as follows6) : (26) where w denotes the angular velocity of the ball rotation around the fulcrum A, W the width of the flaw and 0 the angle between the lines OM and OB.
Since the width W of the flaw is usually much smaller than the diameter Da of the ball, cos 0 is approximated to be 1, and the velocity Vb is expressed as follows : (27) Since the inner ring rotates at a constant speed, the angular velocity w is constant.6) Therefore, the ve- 
Thus,the amplitude of the estimated impulse sequence x(n) is in proportion to the 6/5-th power of the width W of the flaw as well as the vibration signal y(n).Therefore,the size of a flaw can be evaluated by the amplitude of the vibration x(n).Hence,the ball bearing is sorted by the width of a flaw.
6.SORTING OF A BALL BEARING
There are the following two problems in sorting a bearing by our proposed method : (a) Since the inverse filtering makes the power spectrum of the estimated impulse sequence x(n) flat,the signal to the noise ratio decreases when all of the frequency components of the vibration signal y(n) is used to estimate the impulse sequence x(n); (b) There are some fluctuations in the gain of the amplifier.
To solve the above two problems,the following processes are carried out in the following sequence :
(1) The impulse sequence x(n) is estimated by the proposed method described previously in Chapter 4.
(2) By using NB filters,NB narrow-band signals are calculated from the impulse sequence x(n), where NB is the number of band pass filters.The NB filters are realized in our experiment by 2NB ( = 16) point fast Fourier transform.The band widths of all filters are 4 kHz.By calculating the squared values of the narrow band signals,NB power sequences z(n;
(1 = 1,2, ...,NB) are obtained.3) (3) The average powers ri,(i= 1,2, ..., NB) of the narrow band signals z(n; i) are calculated,and the normalized narrow band power signals z'(n;i) =z(n;i)/ri are calculated.
(4) Normalized signals z'(n; i) are compared with thresholds {Ti}, (1=1,2, ... ,NB) to sort the ball bearing. The thresholds {Ti)-are determined as follows : 343 bearings were sorted aurally by a highly qualified inspector into 6 categories shown in Table 1 : normal, flaw on the inner ring,flaw on the outer ring,flaw on the ball,dust,and borderline cases where he could not determine if there was a defect.The vibration signal was A/D converted at the sampling period of 30 its,and the data length used for the sorting was 0.98 s.Thresholds { (i= 1, 2, ... , NB) were experimentally set to be the maximum values of the narrow band powers z'(n; i) of 84 normal ball bearings. Figure 10 shows the threshold level { Ti} for various frequency bands. Table 1 shows the results of the sorting,where the samples on the border are not counted when obtaining the recognition rate.The number of correctly sorted samples and that of incorrectly sorted samples are 314 and 5,respectively.The ball bearings are sorted at the correct rate of 98.4 %.Two of the incorrectly sorted samples had dust,and their vibration signals used for the analysis did not involve the responses to the defects.The other three incorrectly sorted samples had many flaws on the outer race. Since the vibrations were driven almost always by the flaws on the rough race,the average powers {ri} were large,and the resonant vibration could not be detected by the procedure described above.These samples can be,however,classified by using our previously proposed method.8) Figure 11 shows the rate of detecting each kind of inferior samples by the eight narrow bands.Almost all flaws could be detected by using any frequency band from D.C.to 6 kHz,and the dust could be detected by using slightly higher frequency bands from D.C.to 8 kHz. Total number of used samples : 343,recognition rate : 98.4 %. 
7.CONCLUSIONS
A new method is proposed for the automatic detection of slight flaws or dust in ball bearings using vibration signals.These defects,which are not detected by periodic analysis or by ordinary signal processing techniques,can be easily detected by using our new method with a 98.4 % accuracy rate.
